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57 ABSTRACT

A numerical controller has a machine learning device that
performs machine learning of the adjustment of a setting
value used in override control. The machine learning device
acquires state data showing states of the numerical controller
and a machine, sets reward conditions, calculates a reward
based on the state data and the reward conditions, performs
the machine learning of the adjustment of the setting value
used in override control, and determines the adjustment of
the setting value used in override control, based on a
machine learning result and the state data.
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1
NUMERICAL CONTROLLER AND
MACHINE LEARNING DEVICE

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application is a new U.S. Patent Application that
claims benefit of Japanese Patent Application No. 2017-
010598, filed Jan. 24, 2017, the disclosure of this application
is being incorporated herein by reference in its entirety for

all purposes.
BACKGROUND OF THE INVENTION

1. Field of the Invention

The present invention relates to a numerical controller and
a machine learning device and, in particular, to a numerical
controller and a machine learning device that perform
machine learning to learn an optimum override control
setting value.

2. Description of the Related Art

As a related art where machining is performed by a
working machine, the function of controlling a feed rate
override with proportional-integral-differential (PID) con-
trol using a load on a spindle as an input value has been
known (see, for example, Japanese Patent Application Laid-
open No. 2012-032869). By the use of the function, the
override is increased to shorten cycle time at a part having
a small load and decreased to prevent breakage of a tool or
an overheat at a part having a large load.

In a method for controlling a feed rate, the PID control has
been widely used as general control to maintain a target
value at a constant value. An output based on the PID control
may be generally calculated according to the following
Formula (1). Note that in Formula (1), time at which the PID
control starts is indicated as t,.

o) = Kpe (t) + fK;eL(t)dt+ Kd%q(t) +C W
0

O(1): Output value

e;(1): Difference between goal of an object to be con-
trolled and current value (time t)

K, Gain of proportional term in PID control

K,: Gain of integral term in PID control

K Gain of differential term in PID control

C: Offset in PID control

FIG. 8 shows an example of a block diagram of feedback
control using the PID control according to a related art.

When a feed rate is controlled to make a load on a spindle
constant, an output value O(t) is set as a feed rate (override),
e, (t) is set as a difference between a target load on the
spindle and a load on the spindle at time t, and a constant is
set at an appropriate value. In this way, the load on the
spindle may be made close to a target. In a state in which
cutting is not performed, i.e., during the idle running of the
spindle, the load on the spindle does not fluctuate even if the
feed rate is increased. Therefore, control is desirably per-
formed during the cutting, i.e., only when the load on the
spindle reaches a constant value or more.

In the PID control, each gain (K, K,, and K, in Formula
(1) and FIG. 8) is adjusted according to a state of an object
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2

to be controlled (such as a machine configuration, a tool
type, a workpiece material, and a cutting amount in a
working machine) to allow appropriate feedback control
corresponding to the state.

The PID control is general feedback control. Therefore, a
multiplicity of experimental gain setting methods such as an
ultimate sensitivity method has been devised. In addition,
Japanese Patent Application Laid-open No. 7-036506 and
International Publication WO 2007/049412 disclose a tech-
nology using a neural network to compensate for the action
of the PID control.

However, in a method based on the PID control according
to the related art, it is necessary to set gain to a state of an
object to be controlled (such as a machine configuration, a
tool type, a workpiece material, and a cutting amount) in
machining and make an attempt many times to realize
secured control.

SUMMARY OF THE INVENTION

In view of the above problems, it is an object of the
present invention to provide a numerical controller and a
machine learning device that perform machine learning to
learn an optimum override control setting value.

A numerical controller according to an embodiment of the
present invention controls a machine including at least one
axis. The numerical controller includes a machine learning
device that performs machine learning of an adjustment of
a setting value used in override control of a motor that drives
the axis. The machine learning device has: a state observa-
tion section that acquires state data indicating states of the
numerical controller and the machine and containing a
current value of the setting value used in override control of
the motor; a reward conditions setting section that sets
reward conditions; a reward calculation section that calcu-
lates a reward, based on the state data acquired by the state
observation section and the reward conditions; an override
control setting value adjustment learning section that per-
forms the machine learning of the adjustment of the setting
value used in override control; and an override control
setting value adjustment amount determination section that
determines and outputs the adjustment of the setting value
used in override control, based on the state data and a
machine learning result of the adjustment of the setting
value used in override control by the override control setting
value adjustment learning section. Further, the override
control setting value adjustment learning section performs
the machine learning of the adjustment of the setting value
used in override control, based on the adjusted setting value,
the state data acquired after the adjustment of the setting
value, and the reward calculated by the reward calculation
section.

The reward calculation section may calculate the reward,
based on at least any of cycle time of an action of the
machine, a load on a spindle of the machine, breakage of a
tool attached to the machine, and machining accuracy of a
workpiece machined by the machine.

The numerical controller may be connected to at least
another numerical controller and mutually exchange or share
the machine learning result with this other numerical con-
troller.

A machine learning device according to another embodi-
ment of the present invention performs machine learning of
an adjustment of a setting value used in override control of
a motor that drives at least one axis provided in a machine
controlled by a numerical controller. The machine learning
device includes: a learning result storage section that stores
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a machine learning result of the adjustment of the setting
value used in override control; a state observation section
that acquires state data indicating states of the numerical
controller and the machine and containing a current value of
a setting value used in override control of the motor; a
reward conditions setting section that sets reward condi-
tions; a reward calculation section that calculates a reward,
based on the state data acquired by the state observation
section and the reward conditions; an override control
setting value adjustment learning section that performs the
machine learning of the adjustment of the setting value used
in override control; and an override control setting value
adjustment amount determination section that determines
and outputs the adjustment of the setting value used in
override control, based on the state data and a machine
learning result of the adjustment of the setting value used in
override control by the override control setting value adjust-
ment learning section. Further, the override control setting
value adjustment learning section performs the machine
learning of the adjustment of setting value used in the
override control, based on the adjusted setting value, the
state data acquired after the adjustment of the setting value,
and the reward calculated by the reward calculation section.

According to an embodiment of the present invention, it
is possible to automatically set an optimum override control
setting value based on a state of a machine to be controlled
(such as a machine configuration, a tool type, a workpiece
material, a cutting amount, and a commanded feed rate).
Thus, since an operator has no need to adjust gain according
to a state of a machine, time and effort for adjusting the gain
may be eliminated.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a diagram for describing the basic concept of a
reinforcement learning algorithm;

FIG. 2 is a schematic diagram showing a neuron model;

FIG. 3 is a schematic diagram showing a neural network
having weights of three layers;

FIG. 4 is a diagram showing an example of a case in
which an auto encoder is used as a learning model;

FIG. 5 is a diagram showing an image on the machine
learning of a numerical controller according to an embodi-
ment of the present invention;

FIG. 6 is a schematic function block diagram of the
numerical controller according to the embodiment of the
present invention;

FIG. 7 is a flowchart showing the flow of the machine
learning according to the embodiment of the present inven-
tion; and

FIG. 8 is an example of a block diagram of feedback
control using PID control according to a related art.

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS

In the present invention, a machine learning device acting
as artificial intelligence is introduced into a numerical con-
troller that controls a machine to perform the machine
learning of the adjustment of an override control setting
value (each gain of PID control) corresponding to a state of
a machine (such as a machine configuration, a tool type, a
workpiece material, a cutting amount, and a commanded
feed rate). Thus, the PID control may be appropriately
performed with respect to the state of the machine.
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Hereinafter, a description will be briefly given of machine
learning to be introduced into the present invention.

(1) Machine Learning

Here, machine learning will be briefly described. The
machine learning is realized in such a way that useful rules,
knowledge expressions, determination criteria, or the like
are extracted by analysis from sets of data input to a device
that performs the machine learning (hereinafter called a
machine learning device), determination results of the
extraction are output, and learning of knowledge is per-
formed. Although machine learning is performed according
to various methods, the methods are roughly classified into
“supervised learning,” “unsupervised learning,” and “rein-
forcement learning.” In addition, in order to realize such
methods, there is a method called “deep learning” by which
to learn the extraction of feature amounts per se.

The “supervised learning” is a model by which sets of
input and result (label) data are given to a machine learning
device in large amounts to learn the features of the data sets
and estimate results from inputs, i.e., a method by which the
relationship between inputs and results may be inductively
obtained. The method may be realized using an algorithm
such as a neural network that will be described later.

The “unsupervised learning” is a learning method by
which a device that learns, with the reception of only large
amounts of input data, as to how the input data is distributed
and applies compression, classification, shaping, or the like
to the input data even if corresponding supervised output
data is not given. The features of the data sets can be
arranged in clusters each having similar characteristic in
common. Using the results, any standard is set to allocate
outputs so as to be optimized. Thus, the prediction of the
outputs may be realized. In addition, as an intermediate
problem setting between the “unsupervised learning” and
the “supervised learning”, there is a method called “semi-
supervised learning” in which some parts are exclusively
given sets of input and output data while the other parts are
given only input data.

In an embodiment, since data that may be acquired even
if a machining machine does not actually operate is used in
the unsupervised learning, efficient learning is allowed.

The “reinforcement learning” is a method by which to
learn not only determinations or classifications but also
actions to perform learning of optimum actions in consid-
eration of interactions given to environments by actions, i.e.,
learning to maximize rewards that will be obtained in the
future. In the reinforcement learning, a machine learning
device may start learning in a state in which the machine
learning device does not completely know or imperfectly
knows results brought about by actions. In addition, a
machine learning device may start learning from a desirable
start point in an initial state in which prior learning (a
method such as the above supervised learning and inverse
reinforcement learning) is performed in such as way as to
imitate human’s actions.

Note that when machine learning is applied to a numeral
controller which controls a machine tool, it is necessary to
consider the fact that results may be obtained as data only
after the machine tool actually operates, i.e., searching of
optimum actions is performed by a trial and error approach.
In view of the above circumstances, the present invention
employs, as the principal learning algorithm of a machine
learning device, the algorithm of reinforcement learning by
which the machine learning device is given rewards to
automatically learn actions to achieve a goal.
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FIG. 1 is a diagram for describing the basic concept of a
reinforcement learning algorithm.

In reinforcement learning, by an interactions between an
agent (machine learning device) acting as a learning subject
and an environment (control target system) acting as a
control target, learning and action of the agent are advanced.
More specifically, the following interactions are performed
between the agent and the environment.

(1) The agent observes an environmental condition s, at a
certain time.

(2) Based on an observation result and past learning, the
agent selects and performs an action a, that the agent is
allowed to take.

(3) The environmental condition s, changes to a next state
s,.; based on any rule and performance of the action a,.

(4) The agent accepts a reward r,,, based on the state
change as a result of the action a,.

(5) The agent advances the learning based on the state s,,
the action a,, the reward r,, |, and a past learning result.

Atthe initial stage of the reinforcement learning, the agent
does not understand the standard of a value judgment for
selecting the optimum action a, with respect to the environ-
mental condition s, in the above action selection (2) There-
fore, the agent selects various actions a, in a certain state s,
and learns the selection of a better action, i.e., the standard
of an appropriate value judgment based on rewards r,,,
given with respect to the actions a, at that time.

In the above learning (5), the agent acquires the mapping
of an observed state s,, an action a,, and a reward r,,, as
reference information for determining an amount of a
reward that the agent is allowed to obtain in the future. For
example, when the number of states that the agent is allowed
to have at each time is m and the number of actions that the
agent is allowed to take is n, the agent obtains a two-
dimensional arrangement of mxn, in which rewards r,,,
corresponding to pairs of states s, and actions a, are stored,
by repeatedly performing actions.

Then, with a value function (evaluation function) indi-
cating to what degree a state or an action selected based on
the above acquired mapping is valuable, the agent updates
the value function (evaluation function) while repeatedly
performing actions to learn an optimum action correspond-
ing to a state.

A “‘state value function” is a value function indicating to
what degree a certain state s, is valuable. The state value
function is expressed as a function using a state as an
argument and updated based on a reward obtained with
respect to an action in a certain state, a value of a future state
that transitions according to the action, or the like in learning
in which actions are repeated. The update formula of the
state value function is defined according to a reinforcement
learning algorithm. For example, in temporal-difference
(TD) learning indicating as one of reinforcement learning
algorithms, the state value function is updated by the fol-
lowing formula (2). Note that in the following formula (2),
a is called a learning coefficient, y is called a discount rate,
and the learning coefficient and the discount rate are defined
to fall within O<a=<1 and O<y=l, respectively.

+1

Visy=V{so+alr,, 4y Vis; )-V(s)] ()]

In addition, an “action value function” is a value function
indicating to what degree an action a, is valuable in a certain
state s,. The action value function is expressed as a function
using a state and an action as arguments and updated based
on a reward obtained with respect to an action in a certain
state, an action value of a future state that transitions
according to the action, or the like in learning in which
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actions are repeated. The update formula of the action value
function is defined according to a reinforcement learning
algorithm. For example, in Q-learning indicating as one of
typical reinforcement learning algorithms, the action value
function is updated by the following formula (3). Note that
in the following formula (3), o is called a learning coeffi-
cient, y is called a discount rate, and the learning coeflicient
and the discount rate are defined to fall within O<a=<1 and
O<y=l, respectively.

Qlsis @) = Qlsiy @)+ afriy +ymaxQlsis, - Q@) @

The above formula expresses a method for updating an
evaluation value Q(s,, a,) of an action a, in a state s, based on
a reward r,,, returned as a result of the action a, It is
indicated by the formula that Q(s,, a,) is increased if an
evaluation value Q(s,, ;, max(a)) of the best action max(a) in
a next state as a result of the reward r,,, and the action a, is
greater than the evaluation value Q(s,, a,) of the action a, in
the state s,, while Q(s,, a,) is decreased if not. That is, a value
of a certain action in a certain state is made closer to a value
of a reward immediately returned as a result of the action
and the best action in a next state accompanied by the action.

In Q-learning, such an update is repeatedly performed to
finally set Q(s,, a,) at an expected value E(Zyr,) (the
expected value is one taken when a state is changed accord-
ing to an optimum action. Since the expected value is
unknown as a matter of course, it is necessary to learn the
expected value by search).

Further, in the above action selection (2), an action a, by
which a reward (r,, +r,,,+ . . . ) over a future becomes
maximum in a current state s, (an action for changing to a
most valuable state in case where a state value function is
used, or a most valuable action in the state in case where an
action value function is used) is selected using a value
function (evaluation function) generated by past learning.
Note that during learning, an agent may select a random
action with a constant probability for the purpose of advanc-
ing the learning in the selection of an action in the above
action selection (2) (e greedy method).

Note that in order to store a value function (evaluation
function) as a learning result, there are a method for retain-
ing values of all the pairs (s, a) of states and actions in a table
form (action value table) and a method for preparing a
function for approximating the above value function.
According to the latter method, the above update formula
may be realized by adjusting parameters of an approximate
function based on a method such as method for probabilistic
gradient descent. For the approximate function, a supervised
learning device such as a neural network may be used.

The neural network is constituted by a calculation unit, a
memory, and the like that realize a neural network following
a neuron model as shown in, for example, FIG. 2. FIG. 2 is
a schematic diagram showing a neuron model.

As shown in FIG. 2, a neuron outputs an output y with
respect to a plurality of inputs x (here, inputs X, to x5 as an
example). A corresponding weight w (w, to w;) is placed on
each of the inputs x, to x,. Thus, the neuron outputs the
output y expressed by the following formula (4). Note that
in the following formula (4), an input x, an output y, and a
weight w are all vectors. In addition, 0 indicates a bias, and
f, indicates an activation function.

YhEn "X~ 6) (©)]
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Next, a description will be given, with reference to FIG.
3, of a neural network having weights of three layers in
which the above neurons are combined together.

FIG. 3 is a schematic diagram showing a neural network
having weights of three layers D1 to D3. As shown in FIG.
3, a plurality of inputs x (here, inputs x1 to x3 as an example)
is input from the left side of the neural network, and results
y (here, results y1 to y3 as an example) are output from the
right side of the neural network.

Specifically, when inputs x1 to x3 are input to three
neurons N1 to N13, corresponding weights are placed on the
inputs x1 to x3. The weights placed on the inputs are
collectively indicated as w1. The neurons N1 to N13 output
711 to 713, respectively. Z11 to Z13 are collectively indi-
cated as a feature vector z1, and may be regarded as vectors
obtained by extracting feature amounts of the input vectors.
The feature vector z1 is a feature vector between the weight
w1 and a weight w2.

When 711 to z13 are input to two neurons N21 and N22,
corresponding weights are placed on these z11 to z13. The
weights placed on the feature vectors are collectively indi-
cated as w2. The neurons N21 and N22 output z21 and 722,
respectively. z21 and 722 are collectively indicated as a
feature vector z2. The feature vector z2 is a feature vector
between the weight w2 and a weight w3.

When the feature vectors 721 and 722 are input to three
neurons N31 to N33, corresponding weights are placed on
these feature vectors 721 and 722. The weights placed on the
feature vectors are collectively indicated as w3.

Finally, the neurons N31 to N33 output the results y1 to
y3, respectively.

The operation of the neural network includes a learning
mode and a value prediction mode. A learning data set is
used to learn the weight w in the learning mode, and the
parameters are used to determine the action of a machining
machine in the prediction mode (here, “prediction” is only
for the sake of convenience, but various tasks such as
detection, classification, and deduction may be included).

It is possible to immediately learn data obtained by
controlling a machine tool by a controller in the prediction
mode and reflect the learned data on a next action (online
learning), or is possible to perform collective learning using
a previously-collected data group and thereafter perform a
detection mode using the parameters at all times (batch
learning). It is also possible to perform an intermediate
mode, i.e., a learning mode that is performed every time data
is accumulated by a certain degree.

Learning of the weights w1l to w3 is made possible by
error back propagation. Error information enters from the
right side and flows to the left side. The error back propa-
gation is a method for adjusting (learning) each of the
weights to reduce a difference between the output y obtained
when the input x is input and a real output y (supervised) for
each of the neurons.

The neural network may have three or more layers (called
deep learning). It is possible to automatically obtain a
calculation unit that extracts the features of inputs on a
step-by-step basis and performs the regression of a result
only from supervised data. Further, when a multilayer neural
network is used, a conventional auto encoder as shown in
FIG. 4 may be constructed to extract feature amounts per se,
thereby performing autonomous learning.

When such a neural network is used as an approximate
function, the above value function (evaluation function) may
be stored as the neural network to advance learning while the
above actions (1) to (5) in the above reinforcement learning
is repeatedly performed.
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Generally, a machine learning device may advance learn-
ing to be adapted to a new environment by performing
additional learning even when being put into the new
environment after completing the learning in a certain
environment. Accordingly, when the machine learning is
applied to the adjustment of override control setting values
(various gains for PID control), it becomes possible to
perform the learning of adjustment of override control
setting values in a short time by performing additional
learning under new preconditions of machining, based on
the past learning of adjustment of override control setting
values, even in the case where the machine learning is
applied to new preconditions of machine control.

In addition, reinforcement learning employs a system in
which a plurality of agents is connected to each other via a
network or the like, and information on states s, actions a,
rewards r, or the like is shared between the agents and
applied to each learning, whereby each of the agents per-
forms dispersed reinforcement learning in consideration of
the environments of the other agents to be able to perform
efficient learning.

In the embodiment of the present invention as well, a
plurality of agents (machine learning devices) incorporated
in a plurality of environments (numerical controllers that
control machines) perform dispersed machine learning in a
state of being connected to each other via a network or the
like, whereby the numerical controllers are allowed to
efficiently perform the learning of the adjustment of override
control setting values.

Note that although various methods such as Q-learning,
an SARSA method, TD learning, and an AC method have
been commonly known as reinforcement learning algo-
rithms, any of the above reinforcement algorithms may be
applied to the present invention. Since each of the reinforce-
ment learning algorithms has been commonly known, its
detailed description will be omitted in the specification.

Hereinafter, a description will be given, based on a
specific embodiment, of the numerical controller according
to the present invention into which a machine learning
device is introduced.

(2) Embodiment

FIG. 5 is a diagram showing an image on the machine
learning of the adjustment of an override control setting
value in a numerical controller into which a machine learn-
ing device according to an embodiment of the present
invention is introduced. Note that in FIG. 5, only configu-
rations necessary for describing the machine learning of the
numerical controller in the embodiment will be shown.

In the embodiment, information which the machine learn-
ing device 20 uses to specify an environment (the state s,
described in “(1) Machine Learning”) which includes infor-
mation on a machine configuration, a tool type, a workpiece
material, and a cutting amount, which are acquired from a
machine 2, and a commanded feed rate and a current value
of'an override control setting value (such as each gain of PID
control) according to a program, is input to a machine
learning device 20 as state information.

In the embodiment, the machine learning device 20 out-
puts an adjustment amount of an override control setting
value for the PID control of the machine 2 as an output to
an environment (the action a, described in “(1) Machine
Learning”).

In a numerical controller 1 according to the embodiment,
the above state information is defined by a state such as a
machine configuration, a tool type, a workpiece material, a
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cutting amount which are acquired from a machine 2, and a
commanded feed rate and an override control setting value
(such as each gain of PID control) according to a program.

Further, the above adjustment action may be defined by an
adjustment amount of an override control setting value for
the PID control of the machine 2 output from the machine
learning device 20.

In addition, in the embodiment, an increase and decrease
in cycle time (positive/negative reward), a reduction in load
on a spindle (positive/negative reward), breakage of a tool
(negative reward), machining accuracy (positive/negative
reward), or the like is employed as a reward (the reward r,
described in “(1) Machine Learning”) to be given to the
machine learning device 20. Note that an operator may
appropriately set as to which data is used to determine a
reward.

Moreover, in the embodiment, the machine learning
device 20 performs machine learning based on state infor-
mation (input data), an adjustment action (output data), and
a reward described above. In the machine learning, a state s,
is defined by the combination of input data at certain time t,
the adjustment of an override control setting value per-
formed with respect to the defined state s, is equivalent to an
action a,, and a value evaluated and calculated on the basis
of data on a machine operating result that is newly obtained
by carrying out an adjustment of an override control setting
value with the action a, is equivalent to a reward r,, . As in
“(1) Machine Learning” described above, a state s,, an action
a, and a reward r,,, are applied to the update formula of a
value function (evaluation function) corresponding to a
machine learning algorithm to advance the learning.

Hereinafter, a description will be given of a function block
diagram of a numerical controller.

FIG. 6 is a function block diagram of the numerical
controller according to the embodiment.

The numerical controller 1 of the embodiment has a
configuration normally provided therein such as a servo
control section (not shown) that controls a servo motor (not
shown) to drive axes provided in the machine 2 to be
controlled, a control section 10 that controls the servo
control section, peripheral equipment, or the like, and a
machine learning device 20 that acts as artificial intelligence
to perform machine learning. When configurations shown in
FIG. 6 are compared with the elements in the reinforcement
learning shown in FIG. 1, the machine learning device 20
corresponds to the agent and configurations such as the
machine 2 other than the machine learning device 20 cor-
respond to the environment. Note that the numerical con-
troller 1 is assumed to have the configurations of a general
numerical controller other than those described above, and
that a detailed description of configurations other than those
especially necessary for describing the operation of the
machine learning in the present invention will be omitted
herein.

The control section 10 analyzes a program read from a
memory (not shown) or input via input equipment (not
shown) or the like, and controls each section of the machine
2 based on control data obtained as an analysis result. The
control section 10 generally performs control based on an
analysis result of a program. However, in the embodiment,
the control section 10 controls each axis of the machine 2
according to an override control setting value adjusted by an
output from the machine learning device 20.

The machine learning device 20 that performs machine
learning has a state observation section 21, a state data
storage section 22, a reward conditions setting section 23, a
reward calculation section 24, an override control setting
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value adjustment learning section 25, a learning result
storage section 26, and an override control setting value
adjustment amount determination section 27. The machine
learning device 20 may be provided inside the numerical
controller 1 as shown in FIG. 6, or may be provided in a
personal computer or the like outside the numerical control-
ler 1.

The state observation section 21 observes states of the
numerical controller 1 and the machine 2 via the control
section 10 and acquires observation results inside the
machine learning device 20 as state data. The acquired state
data includes a machine configuration, a tool type, a work-
piece material, and a cutting amount, which are acquired
from the machine 2, and a commanded feed rate and a
current value of an override control setting value (such as
each gain of PID control) according to a program, and a
calculation value calculated by performing the arithmetical
operation of each physical amount. When acquiring the
states of the numerical controller 1 and the machine 2 as
state data, the state observation section 21 may digitize data
other than numerical values such as characters and symbols
according to a prescribed rule set in advance.

The state data storage section 22 receives and stores state
data and outputs the stored state data to the reward calcu-
lation section 24 and the override control setting value
adjustment learning section 25. The state data input to the
state data storage section 22 may be data acquired by the
latest machining operation or data acquired by the past
machining operation. In addition, it is also possible for the
state data storage section 22 to receive and store state data
stored in other numerical controllers 1 or an intensive
management system 30, or is possible for the state data
storage section 22 to output state data stored in the state data
storage section 22 to other numerical controllers 1 or the
intensive management system 30.

The reward conditions setting section 23 sets conditions
for giving rewards in machine learning set by an operator or
the like. Positive and negative rewards are given and may be
appropriately set. In addition, an input to the reward condi-
tions setting section 23 may be performed via a personal
computer, a tablet terminal, or the like for an intensive
management system. However, with an input via a manual
data input (MDI) device (not shown) provided in the
numerical controller 1, it becomes possible to more easily
set conditions for giving rewards.

The reward calculation section 24 analyzes state data
input from the state observation section 21 or the state data
storage section 22 based on conditions set by the reward
conditions setting section 23, and outputs calculated rewards
to the override control setting value adjustment learning
section 25.

Hereinafter, a description will be given of an example of
reward conditions set by the reward conditions setting
section 23 in the embodiment. Note that the following
reward conditions are given only as examples and may be
changed in terms of design. Alternatively, various other
reward conditions may be set.

Reward 1: Increase and Decrease in Cycle Time (Positive/
Negative Reward)

When cycle time in a series of operations (machining
operations) of the machine 2 is shorter than a prescribed
reference value set in advance, a positive reward is given
according to the degree. On the other hand, when the cycle
time in the series of operations (machining operations) of the
machine 2 is longer than the prescribed reference value set
in advance, a negative reward is given according to the
degree.
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Reward 2: Reduction in Load on Spindle (Positive/Negative
Reward)

When a load on a spindle in the operations (machining
operations) of the machine 2 is smaller than a prescribed
reference value set in advance, a positive reward is given
according to the degree.

When the load on the spindle in the operations (machining
operations) of the machine 2 is larger than the prescribed
reference value set in advance, a negative reward is given
according to the degree.

Reward 3: Breakage of Tool (Negative Reward)

When a tool attached to the machine 2 is broken, a large
negative reward is given.

Reward 4: Machining Accuracy (Positive/Negative Reward)

When the machining accuracy of a workpiece machined
by the operations (machining operations) of the machine 2
is higher than a prescribed reference value set in advance
(for example, when a dimension error between a workpiece
drawing designed by a CAD or the like and a machined
workpiece is smaller than the prescribed reference value set
in advance), a positive reward is given according to the
degree.

On the other hand, when the machining accuracy of the
workpiece machined by the operations (machining opera-
tions) of the machine 2 is lower than the prescribed reference
value (for example, when the dimension error between the
workpiece drawing designed by a CAD or the like and the
machined workpiece is larger than the prescribed reference
value set in advance), a negative reward is given according
to the degree.

The override control setting value adjustment learning
section 25 performs machine learning (reinforcement learn-
ing) based on state data observed by the state observation
section 21, the adjustment of an override control setting
value (output of an adjustment amount) performed by the
override control setting value adjustment learning section 25
itself, and a reward calculated by the reward calculation
section 24. In the machine learning performed by the over-
ride control setting value adjustment learning section 25, a
state s, is defined by the combination of state data at certain
time t, the determination of the adjustment action of an
override control setting value and the output of the deter-
mined adjustment action to the numerical controller 1 by the
override control setting value adjustment amount determi-
nation section 27 that will be described later according to the
defined state s, to actually adjust the override control setting
value are equivalent to an action a,, and a value calculated
by the reward calculation section 24 based on state data
acquired by the state observation section 21 as a result of
adjustment of override control setting value and control of
the action of the machine 2 is equivalent to a reward r,, ;.

A value function for the learning is determined according
to an applied learning algorithm. For example, when
Q-learning is used, it is only necessary to update an action
value function Q(s,, a,) according to the above Formula (3)
to advance the learning.

The learning result storage section 26 stores a result of
machine learning performed by the override control setting
value adjustment learning section 25. In addition, when the
override control setting value adjustment learning section 25
uses a learning result again, the learning result storage
section 26 outputs the stored learning result to the override
control setting value adjustment learning section 25. As
described above, a learning result may be stored in such a
way that a value function corresponding to a machine
learning algorithm to be used is stored in, for instance, a
supervised learning device such as a support vector machine
(SVM) and a neural network of an approximate function, an
arrangement, or a multiple-value output.
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Note that it is also possible for the learning result storage
section 26 to receive and store a learning result stored in
other numerical controllers 1 or the intensive management
system 30, or is possible for the learning result storage
section 26 to output a learning result stored in the learning
result storage section 26 to other numerical controllers 1 or
the intensive management system 30.

The override control setting value adjustment amount
determination section 27 determines the adjustment action
of'an override control setting value based on a learning result
learned by the override control setting value adjustment
learning section 25 (and stored in the learning result storage
section 26) and state data observed by the state observation
section 21, and outputs a determination result (adjustment
amount of the override control setting value) to the control
section 10. The determination of the adjustment action of the
override control setting value here is equivalent to an action
a for machine learning. The adjustment action of the over-
ride control setting value may be performed in such a way
that the selection of a gain (K,,, K;, or K;) as an adjustment
target and an adjustment degree of the selected gain are
combined together, respective combinations are set and
prepared as selectable actions (for example, an action 1=the
gain K, is set at XX, an action 2=the gain K; is set at +Y,
... ), and an action by which the largest reward will be
obtained in the future based on a past learning result is
selected. The selectable actions may be actions by which a
plurality of gains are adjusted at the same time. In addition,
the above ¢ greedy method may be employed to select a
random action with a prescribed probability for the purpose
of advancing the learning of the override control setting
value adjustment learning section 25 that will be described
later.

Then, the control section 10 adjusts an override control
setting value based on an adjustment amount of an override
control setting value received from the override control
setting value adjustment amount determination section 27.

A description will be given, with reference to the flow-
chart of FIG. 7, of the flow of machine learning performed
by the override control setting value adjustment learning
section 25.

Step SA01. When the machine learning starts, the state
observation section 21 observes states of the numerical
controller 1 and the machine 2 as state data via the control
section 10.

Step SA02. The override control setting value adjustment
learning section 25 specifies a current state s, based on the
state data observed by the state observation section 21.

Step SA03. The override control setting value adjustment
amount determination section 27 selects an action a, (adjust-
ment action of an override control setting value) based on a
past learning result and the state s, specified in step SA02.

Step SA04. The control section 10 performs the adjust-
ment action a, of the override control setting value selected
in step SA03.

Step SA05. The state observation section 21 acquires the
states of the numerical controller 1 and the machine 2 as
state data. At this stage, the states of the numerical controller
1 and the machine 2 change with a temporal transition from
time t to time t+1 as a result of the action a, performed in step
SA04.

Step SA06. The reward calculation section 24 calculates
a reward r,,, based on the state data acquired in step SA05.

Step SA07. The override control setting value adjustment
learning section 25 advances the machine learning based on
the state s, specified in step SA02, the action a, selected in
step SA03, and the reward r,,, calculated in step SA06, and
the process returns to step SA02.

As described above, an override control setting value is
adjusted based on the determination of the override control
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setting value adjustment amount determination section 27,
the machine 2 is controlled by the adjusted override control
setting value to operate (machine a workpiece), state data is
observed by the state observation section 21, and the
machine learning is repeatedly performed. Thus, a more
excellent learning result may be acquired.

When an override control setting value is actually
adjusted using learning data that has been sufficiently sub-
jected to the above machine learning, the machine learning
device 20 may be operated so as not to perform new learning
using the learning data that has been sufficiently subjected to
the machine learning as it is.

In addition, the machine learning device 20 that has
completed the machine learning (or the machine learning
device 20 in which completed learning data on other
machine learning devices 20 has been copied) may be
attached to other numerical controllers 1 and operated using
the learning data that has been sufficiently subjected to the
machine learning as it is.

The machine learning device 20 of the numerical con-
troller 1 may perform the machine learning alone. However,
when a plurality of numerical controllers 1 further has a unit
used to communicate with an outside, it becomes possible to
send/receive and share a value function stored in each of the
learning result storage sections 26. Thus, the machine learn-
ing may be more efficiently performed. For example, par-
allel learning is advanced between a plurality of numerical
controllers 1 in such a way that state data and value
functions acting as learning results are exchanged between
the numerical controllers 1 while adjustment targets and
adjustment amounts different between the plurality of
numerical controllers 1 are fluctuated within a prescribed
range. Thus, the learning may be more efficiently performed.

In order to exchange the state data and the value functions
between a plurality of numerical controllers 1 as described
above, communication may be performed via a management
apparatus or the like (not shown), the numerical controllers
1 may directly communicate with each other, or a cloud may
be used. However, for handling large amounts of data, a
communication unit with a faster communication speed is
preferably provided.

The embodiment of the present invention is described
above. However, the present invention is not limited only to
the example of the above embodiment and may be carried
out in various aspects with appropriate modifications.

For example, the relationships between the respective
function units provided in the numerical controller 1
described in the above embodiment are not limited to those
shown in the function block diagram of FIG. 6. That is,
functions may be divided in any unit or any hierarchical
relationship may be established between the functions so
long as configurations equivalent to the functions of the
respective function units are provided.

The invention claimed is:
1. A numerical controller controlling a machine including
at least one axis, the numerical controller comprising:
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a machine learning device that performs machine learning
of an adjustment of an setting value used in override
control of a motor that drives the axis, wherein
the machine learning includes a processor configured to:
acquire state data indicating states of the numerical
controller and the machine and containing a current
value of the setting value used in override control of
the motor;

set reward conditions;

calculate a reward, based on the state data and the
reward conditions;

perform the machine learning of the adjustment of the
setting value used in override control; and

determine and outputs the adjustment of the setting
value used in override control, based on the state data
and a machine learning result of the adjustment of
the setting value used in override control, and

perform the machine learning of the adjustment of the
setting value used in override control, based on the
adjusted setting value, the state data acquired after
the adjustment of the setting value, and the reward.

2. The numerical controller according to claim 1, wherein

the processor is further configured to calculate the reward,
based on at least any of cycle time of an action of the
machine, a load on a spindle of the machine, breakage
of a tool attached to the machine, and machining
accuracy of a workpiece machined by the machine.

3. The numerical controller according to claim 1, which is
connected to at least another numerical controller and which
mutually exchanges or shares the machine learning result
with this other numerical controller.

4. A machine learning device performing machine learn-
ing of an adjustment of setting value used in override control
of'a motor that drives at least one axis provided in a machine
controlled by a numerical controller, the machine learning
device comprising:

a processor configured to:

store a machine learning result of the adjustment of the
setting value used in override control;

acquire state data indicating states of the numerical
controller and the machine and containing a current
value of a setting value used in override control of
the motor;

set reward conditions;

calculate a reward, based on the state data and the
reward conditions;

perform the machine learning of the adjustment of the
setting value used in override control; and

determine and outputs the adjustment of the setting
value used in override control, based on the state data
and a machine learning result of the adjustment of
the setting value used in override control, and

wherein the processor performs the machine learning of
the adjustment of the setting value used in override
control, based on the adjusted setting value, the state
data acquired after the adjustment of the setting
value, and the reward.
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